ABSTRACT We present full-genome genotype imputations for 100 classical laboratory mouse strains, using a novel method. Using genotypes at 549,683 SNP loci obtained with the Mouse Diversity Array, we partitioned the genome of 100 mouse strains into 40,647 intervals that exhibit no evidence of historical recombination. For each of these intervals we inferred a local phylogenetic tree. We combined these data with 12 million loci with sequence variations recently discovered by whole-genome sequencing in a common subset of 12 classical laboratory strains. For each phylogenetic tree we identified strains sharing a leaf node with one or more of the sequenced strains. We then imputed high-and medium-confidence genotypes for each of 88 nonsequenced genomes. Among inbred strains, we imputed 92% of SNPs genome-wide, with 71% in high-confidence regions. Our method produced 977 million new genotypes with an estimated per-SNP error rate of 0.083% in high-confidence regions and 0.37% genome-wide. Our analysis identified which of the 88 nonsequenced strains would be the most informative for improving full-genome imputation, as well as which additional strain sequences will reveal more new genetic variants. Imputed sequences and quality scores can be downloaded and visualized online.
A MONG the many advantages of inbred strains in genetic studies is that each strain needs to be genotyped only once, and that information can be reused in many experiments. Moreover, as more genotype data become available for a given inbred strain, the analysis can be updated. This cycle can continue until, ultimately, all inbred strains are fully sequenced. In the meantime, there is a need to leverage the handful of inbred strains that have been sequenced using robust imputation methods to maximize the value of existing data. High-quality imputed sequence has many potential applications including identification of functional variants and the creation of accurate scaffolds for the analysis of next-generation RNAseq and bisulfite sequencing data. Until affordable deep sequencing becomes a reality, a balanced approach that combines targeted sequencing with accurate imputation offers the best of both worlds: high-quality genomic data today at little additional cost.
A recent sequencing effort by the Wellcome Trust/Sanger Institute has made available dense genome sequences for a set of 17 inbred mouse strains, including 13 common laboratory strains, 3 wild-derived mouse strains from different subspecies of Mus musculus, and a single strain from a different species, M. spretus (Keane et al. 2011) . This set of samples is expected to capture much of the variation found in common laboratory mouse strains and, therefore, provides a foundation for sequence imputation. A complementary resource is the recent release of Mouse Diversity Array (MDA) genotypes from 162 mouse strains (Yang et al. 2011) . MDA is a high-density DNA microarray designed to assay diversity among commonly used laboratory mice (Yang et al. 2009 ). The density of SNP genotypes available on the MDA exceeds the density of recombination events accumulated over the development of the classical inbred strains and as such the MDA SNPs can provide a framework for imputation of the underlying whole-genome sequence.
Imputation can be used to increase the effective resolution of a lower-density SNP panel to match that of a higher-density panel when there is a subset of samples common to both sets. Previous imputation methods use variations of a hidden Markov model (HMM) to infer sequence similarities and likely transitions between haplotypes. These methods employ probabilistic models based on local sequence similarity to infer the state of missing genotypes. Missing genotypes arise from two sources. No-calls (N's) can indicate either technical noise or an unexpected sequence variant such as a nearby SNP or an indel that interferes with probe hybridization. A second, and more extensive, source of missing genotypes is due to differences in the density of marker sets between platforms.
There have been two recent imputation efforts in the laboratory mouse (Szatkiewicz et al. 2008; Kirby et al. 2010 ). Szatkiewicz and co-workers imputed genotypes at 7.9 million loci by combining low-density genotypes from 51 classical and wild-derived inbred mouse strains with high-density SNP discovery data obtained on a subset of 16 inbred strains (Frazer et al. 2007; Yang et al. 2007 ). The authors imputed each locus consecutively across the genome, using an HMM to predict the most likely genotype among the possible alleles. Using this locus-by-locus method, they reported a 10.4% error rate over the entire genome and 4.4% error in high-confidence regions. High-confidence regions are defined by high posterior probability and cover 71% of the genome.
Kirby and co-workers imputed genotypes in 94 classical and wild-derived laboratory strains for 8.27 million SNP loci reported in the National Institute of Environmental Health Sciences (NIEHS)/Perlegen set (Frazer et al. 2007 ), using expectation-maximized integrative imputation (EMINIM) , a different HMM method that predicts genotypes by estimating haplotype blocks from the smaller set of samples with high-density genotypes. The hidden states in their model correspond to the 16 NIEHS/Perlegen strains or a 17th unknown state. Their method models recombination between haplotype blocks rather than transitions between SNPs. The authors imputed 657 million genotypes with a reported error rate of 2.4% over the entire genome and 0.27% in regions with high confidence based on posterior probability in the HMM.
These two methods do not explicitly take advantage of the local phylogenetic relationships present in classical inbred strains. This shortcoming is particularly significant given the strong population structure and the limited amount of haplotype diversity present in classical laboratory strains (Yang et al. 2011) . Our approach estimates both haplotype blocks and the relatedness between them in the form of a local phylogenetic tree. In contrast to previous methods, our haplotype blocks and trees are inferred from a larger set of genotypes. This has the advantage that the larger set of samples can capture haplotype diversity that is not sampled in the smaller high-density set. The success of this approach requires that the SNP density in the larger sample set is sufficient to detect haplotype blocks, which is the case for the MDA genotypes (Yang et al. 2011) . Moreover, the trees provide a measure of difference between haplotypes that is consistent with their evolutionary history.
Here we report the combined use of the MDA and Wellcome Trust/Sanger Institute resources to impute the genotypes of 88 common inbred strains (Supporting information, Figure S1 ). Our approach takes advantage of the local phylogenetic relationships among inbred strains to determine the confidence of local imputation and is highly accurate over most of the genome of common strains. On the basis of this imputation we discuss strategies for future sequencing and SNP discovery in the laboratory mice and the efficient use of this resource for association studies. Imputed genotypes and imputation confidence are provided in Table S1 and use of these data should cite this article as a reference. They are also publicly available at http:// www.csbio.unc.edu/imputation/.
Materials and Methods

MDA genotype data
All genotype and haplotype data as well as the phylogenetic trees have been reported previously (Yang et al. 2011 ). This study is based on local phylogenetic trees for 100 classical laboratory strains ( Figure S1 ) based on genotypes from MDA. MDA is an Affymetrix-based 6.5M probe platform with .600,000 SNP markers uniformly spaced across the nonrepetitive regions of the mouse genome (Yang et al. 2009 ). We used the subset of 549,683 high-quality markers that were genotyped in Yang et al. (2011) . We also identified additional alleles in these markers including residual heterozygosity, deletions and other copy-number variation, and variableintensity oligonucleotides (VINOs) (Yang et al. 2011; G. A. Churchill and F. Pardo-Manuel de Villena, unpublished data) . VINOs and deletions were incorporated into haplotype and tree estimations by treating them as additional marker loci with binary alleles (i.e., with and without VINO or with and without deletion) at positions coincident with the probe where they were detected (Yang et al. 2011) .
C57BL/6J reference genome
The Wellcome Trust/Sanger Institute defines SNPs relative to the reference mouse sequence (Waterston et al. 2002) and uses the NCBI Genome Reference Consortium's build 37 (MGSCv37) (Church et al. 2009 ). The reference genome is derived from C57BL/6J and, thus, we included this strain as a 12th high-density sequence along with the 11 Sanger sequenced strains for which we have MDA genotypes ( Figure S1 ).
Wellcome Trust/Sanger Institute genotype data Our imputation incorporates the set of high-confidence SNPs recently discovered during the Wellcome Trust/Sanger Institute's sequencing of 17 inbred strains (Keane et al. 2011 ) (which we refer to henceforth as the Sanger set). Keane et al. (2011) identified .65 million SNPs, but most of these represent private alleles in wild-derived mouse strains. We excluded these SNPs and SNPs marked as low confidence or heterozygous in an inbred strain. Overall, 82% of the 65 million SNP loci do not vary within the subset of 12 classical strains in common between the Sanger and the MDA sets plus the reference genome (FigureS1). The strains in this common set are 129S1/SvlmJ, A/J, AKR/J, BALB/cJ, C3H/HeJ, C57BL/6N, C57BL/6J, CBA/J, DBA/2J, LP/J, NOD/ShiLtJ, and NZO/HlLtJ. We imputed the remaining 12,054,616 SNP loci in the 88 classical strains for which only MDA genotypes are available where they were medium or high confidence. We did not include wild-derived strains in our imputation (see Discussion).
LG/J and SM/J genotypes Whole-genome sequencing for the LG/J (20· haploid coverage) and the SM/J (14· haploid coverage) strains was completed by the Washington University School of Medicine Genome Sequencing and Analysis Center, using Illumina sequencing in two steps as described in Mardis et al. (2009) and in Ding et al. (2010) . Illumina reads from DNA extracted from the livers of a single LG/J female and a single SM/J female were aligned to the July 2007 assembly NCBI build 37 reference genome, using Mapping and Assembly with Quality (Li et al. 2008) . SNPs for each strain were called using SamTools (Li et al. 2009 handle "Cheverud". For our validation method, we excluded SNPs for which a single allele could not be resolved, leaving 292,051 for LG/J and 416,589 for SM/J, relative to the reference genome.
Imputation
Our imputation method uses an algorithm based on the four-gamete rule (Hudson and Kaplan 1985) to define haplotype blocks that are consistent with a local perfect phylogeny. As described in Wang et al. (2010) , we compare all pairs of SNPs and identify a minimal set of maximum-size contiguous intervals covering the genome in which no pair of SNPs violates the four-gamete rule (Figure 1 ). We constructed 40,647 intervals covering the entire genome. The median genomic size is 71 kb and covers 12 SNPs. Intervals had an average and median of five unique haplotypes. For each interval, we construct the local phylogenetic tree as described previously (Yang et al. 2011) . Briefly, we computed a pairwise genotype similarity score among strains as the proportion of the matching variants in each interval. We identify shared haplotypes by connecting pairs of strains with similarity score .0.99. We constructed phylogenetic trees by connecting these haplotypes (leaves in the tree), using neighbor joining over the mean pairwise similarity of strains in each leaf. The general workflow of our imputation method is shown in Figure 2 .
We compared the local phylogenetic structure in our MDA genotypes to the strain distribution patterns (SDPs) in the Sanger set. We validated that our local phylogenies matched the SDPs for the appropriate Sanger SNPs. In addition, we compared our haplotype clusters to the sequence similarity in the Sanger set and showed that our local phylogenies reflect the local sequence differences with the Sanger set. This validation prior to imputation supported our assumption that MDA SNPs were sufficient to define representative haplotype blocks.
We imputed each sample for which we have only MDA data by filling in genotypes of Sanger set samples in regions where they share a haplotype that is identical-by-descent (IBD) as indicated by a shared leaf in the local phylogenetic tree. We assign confidences to each imputed strain over each interval according to whether the imputed strain shares a haplotype block with a Sanger set sample. Figure 3 shows an example of imputation and the correspondence between phylogenetic trees and imputation confidence. High confidence was assigned to haplotypes in an interval for which there are one or more concordant Sanger sequences. Where multiple samples from the Sanger set share a haplotype, but exhibit segregating alleles (i.e., evidence that our tree leaf could be further subdivided), we assign medium confidence. In medium-confidence cases, we resolve the allele at each locus independently by further subdividing the leaves using the haplotype structure in neighboring intervals until there is a consensus among remaining shared-haplotype samples. This method captures nearby haplotype structure where intervals are too small to fully differentiate samples.
There are many intervals where classical inbred strains do not share a haplotype with a strain from the Sanger set; thus no high-density imputation source is available. These intervals are assigned low confidence for strains not sharing a haplotype. Our approach provides no satisfactory imputation in these regions and our leave-one-out analysis indicates that they cannot be imputed with accuracy substantially better than 50%. As a result, these regions are assigned N. Since maximal compatible intervals can overlap, two intervals might cover a SNP. In this case, the interval with higher confidence is used. If the two intervals have the same confidence, the union of strains with a shared haplotype in each interval is used.
All genotypes and confidence scores are available in Table S1 . Use of these data should cite this article as a reference.
Validation
To assess the accuracy of our imputation, we used a leaveone-out approach and compared our results directly to the Sanger sequence data. In the leave-one-out method, we removed 1 of the 12 Sanger strains and imputed SNPs using only the remaining 11 strains in the Sanger set. This method has the advantage that it allows us to consider the entire genome when determining accuracy. In addition, we performed external validation using sequence data for (Figure 1) . These trees are then used to inform the imputation using high-density sequence data (Figure 3) . chromosomes 14 and 15 obtained from strains LG/J and SM/J. We determined imputation accuracy by comparing genotypes over the intersection of our imputed SNP set (Sanger set SNPs) and the SNP sets in the external validation sequences.
Results and Discussion
We imputed 12 million SNPs over 88 samples for a total of 977 million new genotypes (Table S1 ). On average, we imputed 70.76% of the genotypes with high confidence and 21.36% with medium confidence. The remaining 7.88% were low confidence (Table 1) . There is a wide range of variation in the fraction of SNPs imputed with different confidence among these 88 strains (Table 1 ). The greatest fraction of high-confidence SNPs is observed in substrains derived from a common inbred ancestor that differ only at loci harboring new mutations (97.00%) (Yang et al. 2011) . These are followed by the 129T2/SvEmsJ and TSJ/LeJ strains that have very large fractions of their genome imputed at high confidence (94.21% and 93.29%, respectively). On the other hand, KK/HlJ and TALLYHO/JngJ have the smallest fraction of genome imputed at high confidence (39.52% and 42.10%, respectively). However, it is the CE/J strain that has the greatest fraction of the genome with low confidence (23.48%). Using a leave-one-out method, we can estimate our imputation accuracy using the Sanger set. In these samples, 1.05% of genotypes could not be imputed because the haplotype structure is unknown for some strains in regions due to deletion or copy-number variation (Yang et al. 2011 ). An additional 2.25% of genotypes are uncalled (N) in the Sanger set to which we compared the leave-one-out imputed genotypes and, therefore, cannot be verified. On average, we imputed 73.8 6 19.1% of the remaining genotypes with high confidence and 18.0 6 11.8% with medium confidence (Table 2) . High-confidence genotypes had an average error rate of 0.083 6 0.019% and the error rate for medium-confidence genotypes was 1.57 6 0.75%. The remaining 8.2 6 7.5% were low confidence. In these regions, methods based on the haplotype similarity and phylogeny trees performed no better than a consensus sequence among all strains in the Sanger set because there is no single representative haplotype to use for imputation. The consensus genotypes had an error rate of 44.5 6 10.1% compared to the Sanger genotypes. Since our accuracy in low-confidence regions is little better than chance, we do not impute these genotypes and indicate them by N's.
In addition to leave-one-out analysis, we performed validation with the chromosomes 14 and 15 sequence data for LG/J and SM/J, two strains that are not included in the Sanger set. We compared imputed genotypes on chromosomes 14 and 15, containing 1,316,845 imputed Sanger SNPs, with high-density genotypes for LG/J and SM/J containing 292,051 and 416,589 SNPs, respectively. For SM/J, there were 362,362 SNPs in common with our imputed genotypes. Of these, 67.90% were imputed with high confidence and had an error rate of 0.07% (Table 3 ). An additional 21.25% were imputed with medium confidence at an error rate of 3.14%. The remaining were low confidence. Similar results were found for LG/J (Table 3) . We could increase the number of markers available for validation if we included all loci in our imputed genotypes and assume that these markers have the reference allele in our validation sequences where a SNP is not present. We do not do this because the SNP density is much lower in the validation sets than in our imputed sequences, so there are likely many unreported SNPs in LG/J and SM/J at the resolution of our imputed sequence. While LG/J has 292,051 SNPs and SM/J has 416,589 SNPs in the validation genotypes, any pair of two strains in the Sanger SNP sets has, on average, 908,493 SNPs across chromosomes 14 and 15. We achieved very low error rates in regions of high and medium confidence with both validation approaches. Our imputation method provides several improvements over existing techniques and resources. Our methods outperform previously published imputation methods in regions in which we can impute with high confidence. In addition, we identify regions that cannot be accurately imputed with our samples because they do not share common haplotypes based on local phylogeny. Furthermore, our analysis can inform the selection of strains for which full genomic sequence would substantially improve the ability to confidently impute other strains and the optimal strains for maximal SNP discovery. Kirby et al. (2010) imputed 657 million genotypes over 94 strains consisting of 65 classical and 13 wild-derived low-density sequenced strains and 12 classical and 4 wildderived high-density sequenced strains. They imputed the 78 low-density sequences (121,433 SNPs) with the high-density NIEHS/Perlegen data set (8.27 million SNPs) (Frazer et al. 2007 ) and missing genotypes in the 16 high-density sequences. In addition to including wild-derived strains in the sample set, 64% of SNPs in the full Perlegen data set include private alleles seen only in wild-derived strains. Szatkiewicz et al. (2008) imputed 269 million genotypes using a cleaned subset of 7.9 million NIEHS/Perlegen SNPs over 51 strains including 39 classical and 12 wild derived. These previous imputation efforts attempted to impute a mixture of classical laboratory strains and wild-derived strains including SNPs with private alleles in wild-derived samples. Including wild-derived strains contributes many SNPs that are nonvarying among classical strains and results in inflated estimates of accuracy because many of the imputed variants are actually constant within the classical population. Here we exclude wild-derived strains because they exhibit few variants seen among classical strains and many variants not seen in any classical strain. We have imputed significantly more SNPs that segregate among classical inbred strains. In addition, our estimated error rate in highconfidence regions is 0.083% compared to 0.27% and 4.4% reported in previous studies. Our error rate in high-confidence regions is in line with sequencing error and the rate of recurrent mutations at highly mutable sites (homoplasy). These improvements are due, in part, to the use of a more complete set of sequence data and the fact that our lowerdensity set, at .500,000 markers, is considerably denser than in previous studies. Furthermore, the MDA platform, designed specifically to highlight the diversity within our sample set, is better equipped to identify appropriate imputation genotypes than the sparser 135,000-marker Broad SNP set (Kirby et al. 2010 ) used in previous efforts.
Due to the different SNP and strain sets used for imputation in our work compared with previous imputation methods, it is useful to analyze differences against a common set of sequence data. We identified 174,891 SNPs common 
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LG to our imputed genotypes, previous imputation results, and our LG/J and SM/J validation genotypes on chromosomes 14 and 15 against which we can directly compare (Table 4) . In SM/J, our method imputed 64.95% of SNPs with high confidence, Kirby et al. (2010) imputed 57.26% with high confidence (they define this as posterior probability .0.98), and Szatkiewicz et al. (2008) imputed 72.39% with high confidence (posterior probability .0.9). Using our validation genotypes as the ground truth, our method achieved a per-SNP error rate of 0.03% while previous methods achieved error rates of 1.60% and 5.76%, respectively (Table 4) . Our imputation method highlights an important feature of the imputed MDA sample set. Our method of haplotype identification and assignment is based on the notion that classical laboratory mice are derived from a small set of recent common ancestors. To impute missing genotypes, we identify intervals with no evidence of ancestral recombination, in which shared haplotype ancestry can be assumed (Yang et al. 2011) , and identify sequenced strains that share these haplotypes with strains that are to be imputed. In some cases, no evidence exists of a shared haplotype with a sequenced strain; these we consider low confidence (Figure 3 ). Since these intervals are not derived from a haplotype common to one of our high-density sequences, no method can produce accurate genotypes given the data on hand. This feature allows us to suggest a method for improving our imputation power by identifying those sequences that share haplotypes unrepresented in our high-density genotypes.
We have identified strains that would provide the greatest improvement in imputation accuracy as those that share the greatest number and size of unrepresented haplotype blocks with the greatest number of other strains. These intervals are currently identified as low confidence. If we had whole-genome sequence for even one sample with the shared haplotype in these intervals (Figure 4) , we could impute these genotypes with high confidence. In other words, the discriminating function can be described as the greatest total number of genotypes changed from low confidence to high confidence by introducing a new fully sequenced sample into these haplotypes (Table 5 ). The strain that would contribute the greatest number of new high-confidence genotypes is SWR/J, which would contribute an additional 12,973,012 high-and medium-confidence genotypes, reducing overall low confidence regions from 7.88% to 6.65%. Imputation, by its nature, cannot increase the number of SNPs since all imputed genotypes are derived from existing sequence. However, using our local phylogenies, we can identify samples that would contribute the greatest discovery of additional sequence variation. While high-confidence imputation power is related to the haplotype group membership (Figure 4 ) in the local phylogenetic structure, the level of sequence variation can be inferred from the edge length in the local phylogenetic trees. The edge lengths in our local phylogenetic trees are derived from the sequence differences in each compatible interval. The longer the edge, the further a leaf/haplotype is from the high-density samples and the greater sequence variation we expect to see in the unrepresented sequence. This is unlike the metric for imputation power since the haplotype frequency and sharing with other samples are not relevant. The sample that would contribute the greatest additional sequence variation is KK/HlJ. This strain has the most unrepresented sequence variation, with an average sequence variation of 5.55% from the nearest Sanger sequenced sample across the genome. The top 10 candidates and their sequence variation are shown in Table 6 .
We deliberately omitted wild-derived strains from our imputation since wild-derived strains do not share a recent history with the classical laboratory strains (Beck et al. 2000) . We do not have sufficient marker density to catalog the variants among wild-derived strains and they are likely so widely divergent that a local phylogeny cannot be constructed. However, using wild-derived strains sequenced by the Sanger Institute to impute classical inbred strains could potentially improve our current design in regions of contamination in the wild-derived strains [i.e., CAST/EiJ and PWK/ PhJ (Yang et al. 2011) ] or in putative regions in which a few classical strains share a haplotype that was rare or absent in fancy mice. We conclude that this could be worth doing but is unlikely to have significant impact and is not consistent with our tree-based approach. Imputing wild-derived strains would be of little value as only a single wild-derived strain from each species or subspecies would be used to impute SNPs of all additional strains in the same taxon. Our recent work (Yang et al. 2011) demonstrates that there is far more sequence variation among wild-derived than classical mice, making the imputation an exercise in futility.
Our imputation model can be further fine-tuned to better identify the appropriate intervals over which we assign a local phylogenetic structure. The optimal haplotype blocks should be small enough to accurately represent only a single indivisible haplotype but large enough to capture all appropriate variation in these haplotypes. As more samples are incorporated into the haplotype derivation model, it will be especially important to accurately represent the structure and how it relates to high-density sequenced samples. Imputed genotypes are evolving resources [Szatkiewicz et al. 2008 (http://cgd.jax.org/datasets/popgen/imputed.shtml); Kirby et al. 2010 (http://mouse.cs.ucla.edu/mousehapmap/)]. As the sequencing pace increases for mouse, the need for a codified and coherent resource will be even more important. Using our method of imputation, additional full-genome sequences can be easily incorporated and will further improve the imputation accuracy (Figure 3) . We plan to include LG/J and SM/J as soon as their full-genome sequence is released. Since our model explicitly takes advantage of local phylogeny and haplotype structure and accounts for multiple instances of a single derived haplotype, we can incorporate multiple and varying sequences representing a single sample or strain. This will help consolidate and derive a consensus from possibly discordant sources. Our phylogeny modeling can be extended to include classical strains genotyped with the MDA, such as the upcoming Collaborative Cross strains (Collaborative Cross Consortium 2012), to provide an even larger and more diverse resource of imputed genotypes. The method we present here is not limited only to the laboratory mouse, but could be extended to any organism for which inbred populations exist, such as rats and dogs, as well as many plant species. Imputation in any species will be most effective when inbred populations are derived from a common and relatively small set of ancestral populations.
